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Abstract
A user-friendly and affordable broad-band digital Near Infrared (NIR) camera (Canon Pow-
erShot S110 NIR) was compared with a narrow-band reflectance spectrometer (USB2000, 
Ocean Optics) at leaf scale for monitoring changes in response to drought of three ecologi-
cally contrasting Quercus species (Q. robur, Q. pubescens, and Q. ilex). We aimed to (a) 
compare vegetation indices (VIs; that is: NDVI, Normalized Difference Vegetation Index; 
GNDVI, Green NDVI and NIRv, near-infrared reflectance of vegetation) retrieved by NIR-
camera and spectrometer in order to test the reliability of a simple, low-cost, and rapid 
setup for widespread field applications; (b) to assess if NIR-camera VIs might be used to 
quantify water stress in oak seedlings; and (c) to track changes in leaf chlorophyll content. 
The study was carried out during a water stress test on 1-year-old seedlings in a green-
house. The camera detected plant status in response to drought with results highly compa-
rable to the visible/NIR (VIS/NIR) spectrometer (by calibration and standard geometry). 
Consistency between VIs and morpho-physiological traits was higher in Q. robur, the 
most drought-sensitive among the three species. Chlorophyll content was estimated with 
a high goodness-of-fit by VIs or reflectance bands in the visible range. Overall, NDVI per-
formed better than GNDVI and NIRv, and VIs performed better than single bands. Look-
ing forward, NIR-camera VIs are adequate for the early monitoring of drought stress in oak 
seedlings (or small trees) in the post-planting phase or in nursery settings, thus offering a 
new, reliable alternative for when costs are crucial, such as in the context of restoration 
programs.
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In forestry—where extent, location, and/or terrain morphology hinder the efforts to effec-
tively and extensively monitor plant physiological traits—the application of simple, rapid, 
and cost-effective digital photographic methods would be advantageous for tracking plant 
cover (Salas-Aguilar et  al. 2017), phenology (Richardson et  al. 2018), and physiology 
(Keenan et  al. 2014). These techniques could be especially useful in evaluating affores-
tation/reforestation or forest restoration project success (Vallauri et  al. 2005), and, more 
generally, for tree seedling quality assessment and phenotyping (do Amaral et al. 2019). In 
response to stresses, leaf traits change with plant and environmental conditions over a wide 
range of timescales, involving their biochemical composition, physiology, structure, and 
economics (growth and shedding; e.g., Osakabe et al. 2014; Choat et al. 2018). Although 
highly reliable biochemical and ecophysiological protocols remain the state-of-the-art for 
field assessments of leaf traits, the development of cost-efficient and non-destructive meth-
ods that are aimed at monitoring leaf traits at the plant or stand scale is increasingly gain-
ing importance (Cotrozzi et al. 2018; Chawade et al. 2019).
Real-time plant status monitoring would be useful for different forest restoration aspects, 
such as to quantify seedling status (before and during outplanting phase), in order to adopt 
time effective management techniques for plant survival and productivity (Cotrozzi et al. 
2017; Löf et al. 2019) or to promote more sustainable practices (Reiche et al. 2018; Löf 
et  al. 2019). Other applications concern actions to deal with climate change challenges 
(Reyer et  al. 2013; Trumbore et  al. 2015), especially those linked to drought (Zhao and 
Running 2010; IPCC 2014; Green et  al. 2019) and extreme events, such as heatwaves 
(Hoerling et al. 2012; Schuldt et al. 2020), which begin to hit also regions that currently 
only experience limited dry periods (Eckstein et al. 2019). Recently, in the framework of 
water security, nature-based solutions and a more sustainable use of water-resources, it is 
required to rapidly and carefully detect plant status, in order to become operational in many 
activities (Harou et al. 2009; Cohen-Shacham et al. 2016), such as nursery (Fulcher et al. 
2016; Knight et al. 2019) or precision agriculture and forestry (FAO 2013; Fardusi et al. 
2017; Mereu et al. 2018).
Remote sensing (e.g., Iglhaut et al. 2019; Puletti et al. 2019) or leaf spectroscopy (e.g., 
Colombo et al. 2012; Cotrozzi and Couture 2019; Jacquemoud and Ustin 2019) have great 
potential to address these tasks (Humplík et al. 2015; Mahlein et al. 2018). Moreover, reli-
able, fast, and user-friendly monitoring systems at affordable costs would facilitate the 
spread of breakthrough technology, particularly by remote and “near-surface” sensing tech-
niques (Baresel et  al. 2017; Di Gennaro et  al. 2018). Recently, near-surface sensing and 
high pixel resolution imagery allowed the targeting of single plant parts (e.g., leaf, stem or 
canopy by segmentation techniques, Perez-Sanz et al. 2017; Chianucci et al. 2019). Hyper- 
or multi-spectral sensors provide reasonably high spatial and spectral resolution to infer 
many structural (leaf area index and canopy cover) and biochemical (nitrogen and chloro-
phyll content) canopy attributes down to leaf scale.
Chlorophyll content is an important bio-indicator for many physiological processes 
linked to phenology, photosynthetic capacity (Croft et  al. 2017), and stress detection, 
including drought stress; (Esteban et al. 2015), and—unlike other foliar pigments (Ollinger 
2011)—it can be estimated with high accuracy (Homolová et al. 2013). Thus, in the last 
decades, several approaches have been proposed to estimate chlorophyll content at differ-
ent spectral (Blackburn 1998) and spatial resolutions (Sonobe and Wang 2017; Croft et al. 
2020), also by simple and robust metrics, such as Vegetation Indices (VIs; Alberton et al. 
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2017; Yang et al. 2017; Zhang et al. 2019), and user-friendly instruments, such as digital 
NIR-cameras (e.g., Chung et al. 2018). Unfortunately, prices and technical requirements, 
such as temperature stability, are presently limiting the widespread use of high-resolution 
multispectral digital cameras; whereas, more cost-affordable digital multispectral cam-
eras (e.g., Parrot Sequoia or MicaSense UAV cameras) gain field for agricultural and for-
est monitoring. However, the latter require demanding post-processing efforts in imagery 
co-registration (e.g., Nebiker et  al. 2016), as their multi-optics acquire different parts of 
the electromagnetic spectrum from different view angles. In this scenario, low-cost (about 
one-tenth the cost of a multispectral camera), user-friendly and handheld compact NIR-
cameras, which acquire Green–Red-NIR images (as used in this study) could offer several 
advantages for their simplicity in use: no co-registration is required (due to their single 
optic) and after a minimal training effort they would offer several useful applications in 
environmental management.
In this framework, we aimed to compare at leaf scale an affordable NIR-camera with 
narrow-band reflectance spectrometer in order to explore its reliability for monitoring 
reflectance indices and chlorophyll changes in response to drought in Quercus; one of the 
most important tree genus in the northern hemisphere (Dey et  al. 2012). Despite many 
studies on remote or proximal sensing (e.g., Thenkabail et al. 2019), comparative studies 
between these two handheld instruments remain, to our knowledge, scarce (Ritchie 2007; 
Putra and Soni 2017). Our aims were threefold: (a) to compare VIs calculated by the broad-
band NIR digital-camera with those of the narrow-band spectrometer to test the reliability 
of a simple and affordable setup for widespread field applications; (b) to assess whether 
NIR-camera VIs might be used to quantify water stress in oak seedlings; and (c) to track 
changes in leaf chlorophyll content in response to drought for three important European 
oak species, characterized by different ecological water needs.
Materials and methods
Plant material
The study was carried out in early summer 2018 under semi-controlled conditions in a 
nursery greenhouse (Pistoia, Italy; 43.862182 N, 10.980419 E; 43 m a.s.l.) during the 
second growing season of seedlings of three Quercus species: Q. robur L., Q. pubescens 
Willd., and Q. ilex L. (hereafter, QR, QP, and QI, respectively), and during a concurrent 
water stress trial (Mariotti et al. 2019). In 2017, seedlings were grown in 0.65 L contain-
ers filled with two substrates (Sub: Peat, Pe; Coconut fiber, Co) and three fertilizations 
(Fert: nursery standard, St; enriched in K, K; enriched in P, P) resulting in a total of six 
stocktypes (Sub x Fert; further details in Mariotti et al. 2020). In mid-April 2018, 45 seed-
lings per stocktype and species (total = 810; 15 seedlings per experimental unit) were trans-
planted into 3 L pots filled with coconut fiber substrate (without any further fertilization), 
placed in a greenhouse, where homogeneity of environmental conditions (i.e. PAR, tem-
perature, and air humidity—data not shown) was checked, and kept well-watered until the 
on-set of the water stress trial.
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Water stress: experimental setup and morpho‑physiological stress indices
The water stress test lasted two weeks from DOY 178 (T0) to DOY 191 (T1). Seedlings 
were daily drip-irrigated according to three watering regimes: (1) control (C), where the 
water delivered to each pot maintained the soil at field capacity (FC, calculated from the 
daily loss of weight separately for each species); (2) medium water stress (MS), i.e., 50% 
of FC; (3) high water stress (HS), where the amount of water was calculated to maintain a 
species-specific threshold of soil humidity defined as highly stressful according to litera-
ture; specifically, Früchtenicht et al. (2018) found a high water stress (i.e., predawn branch 
water potentials below  -2 MPa) with volumetric soil water content (SWC) of 13%, 9%, and 
6% in QR, QP, and QI, respectively. SWC was monitored every other day by FieldScout 
TDR 150 (Spectrum Technologies, USA). For spectrometer and NIR camera measure-
ments, 3 mature leaves per pot on 5 pots per treatment (810 leaves in total) were sampled 
and marked at T0 in order to be re-measured at T1. For HS, fearing high leaf mortality and 
high response variability among seedlings, an additional sample of 10 leaves (1 leaf per 
pot) was marked. For further evaluating NIR camera VIs indices against plant status we 
measured predawn leaf water potential (ѰPDL in MPa; PMS pressure chamber, Co. Cor-
vallis, USA—on one leaf per plant, 4 plants per treatment randomly selected, 216 leaves 
in total) and early-morning maximum photosynthetic efficiency (Fv/Fm, the ratio of vari-
able, Fv, to maximum, Fm, fluorescence after 45 min dark-adaptation; Handy PEA fluor-
imeter, Hansatech, UK—1 leaf on 9 plants per treatment, 486 in total), along with total 
plant height (H) growth during the trial calculated as  HT1—HT0 difference. During midday 
(11:30 to 14:30) and under clear sky conditions, NIR-camera images and leaf reflectance 
spectrum were taken in that order (and within a few seconds of one another) on the same 
leaf acclimated to saturating PAR.
NIR‑camera vegetation indices
A single-chip camera was used to take leaf images (PowerShot S110 NIR, Canon Inc., 
Tokyo, Japan), as it offered the advantage to co-register each band by a Bayer color filter 
at the cost of a partial spectral overlap. Green (G), Red (R), and NIR bands were cen-
tered at 550 nm, 625 nm, and 850 nm, respectively. Images were acquired in RAW mode 
(maximum resolution, focal length = 32 mm, exposure time = 1/125 s, f-value = 5.7) and 
nadir position (i.e., vertically downward) at a distance of 30 cm from an attached leaf, 
avoiding shadows or reflections. A 0.6 mm thick barium sulfate panel laid next to the leaf 
served as a white reference (Knighton and Bugbee 2005). Images were processed using 
the “dcraw” open-source program (Coffin 2018). In Table 1, selected ‘dcraw’ parameters 
are reported to capture scene full brightness range at maximum radiometric resolution (16 
bit) to preserve the linear dependence of digital numbers (DN) to actual brightness (Chia-
nucci et al. 2019). A segmentation procedure was applied to separate the leaf blade image 
from the background (Baresel et al. 2017) and leaf reflectance was calculated as  DNleaf, x/
DNreference, x, where x was G, R, and NIR band, respectively, and DN was the mean dig-
ital number either over the whole leaf blade or the white reference. The following veg-
etation indices (VIs) were calculated—namely, normalized difference vegetation index, 
NDVI = (NIR − Red)/(NIR + Red), (Rouse et  al. 1973); green normalized difference veg-
etation index, GNDVI = (NIR − Green)/(NIR + Green), (Gitelson et al. 1996), which is also 
equivalent to minus the normalized difference water index (NDWI, McFeeters 1996) and 
near‐infrared reflectance of vegetation, NIRv = NDVI · NIR (Badgley et al. 2017), an index 
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proposed as a proxy of light-saturated photosynthesis  (Amax) at leaf scale for deciduous tree 
species included Quercus (Wong et al. 2020).
Spectrometer vegetation indices
Leaf reflectance was measured on the upper leaf blade (in the central and wider part, avoid-
ing midrib and major veins). Two nearby positions were measured with a 45° off-nadir and 
backscatter mode geometry by a 10 bit VIS/NIR spectrometer (USB2000, Ocean Optics, 
Orlando, USA; 0.4 nm nominal resolution; range = 350–1100 nm) connected to a low-OH 
optical bifurcated fiber (QR200-7-VIS–NIR, OceanOptics; 25° field of view) and a sta-
bilized (and 45′ preheated) light source (LS-1, Ocean Optics). Spectral reflectance  (Rwl, 
wl = wavelength in nm) was calculated with respect to a 99% certified Lambertian white 
reference (Spectralon White Reference, Labsphere Inc., NH, USA) after electric noise 
(dark) removal and Savitzky-Golay smoothing (3rd order polynomial on a 20 nm window). 
Reflectance was extracted for the three nominal NIR-camera bands in order to calculate 
narrow-band VIs. Moreover, the red-edge bands at 705 nm and 750 nm were used to deter-
mine total (a + b) chlorophyll content  (Cab, μg  cm−2) by  ND705 =  (R750 –  R705)/(R750 +  R705) 
(Gitelson and Merzlyak 1994; Sims and Gamon 2002). The following quadratic equation: 
 Cab (in μg  cm−2) = 0.4936485 + 50.26586 ·  ND705 + 90.740 ·  ND7052  (R2 = 0.96, P < 0.0001) 
was obtained by extracting  Cab and  ND705 values from Féret et  al. (2011) leaf database 
(there reported under graphical form) by WebPlotDigitalizer v. 4.3 (Rohatgi 2017). Spec-
trometer reflectance spectra were then classified in  Cab classes by step of 5 μg  cm−2. Leaf 
spectra belonging to the lowest (0–5 μg  cm−2)  Cab class (yellowed to brownish leaves) were 
hereafter referred to as “discolored.”
Statistical analyses
Statistical analyses were carried out in R v. 3.6.1 (R Development Core Team 2020) using 
the packages “stats” and “dplyr” (Wickham et al. 2021). Reflectance was reported through-
out the paper in percent. NIR-camera and spectrometer comparisons were performed for 
VIs and NIR-camera nominal bands, averaging (mean) values within the leaf. ANOVA and 
Tukey’s honest significant difference (HSD) test were performed within species and stock-
type to assess differences at α = 0.05 (P ≤ 0.05) among stress treatments for NIR-camera 
VIs and morpho-physiological stress indices. In case of ANOVA-assumption rejection, a 
Table 1  Parameter set used for 
image corrections in “dcraw” 
software 
A complete parameter selection list is provided at http:// manpa ges. 
ubuntu. com/ manpa ges/ xenial/ man1/ dcraw.1. html# inter polat ion% 20opt 
ions
Parameter Set
D Document made without 
rescaling (totally raw)
W No automatic brightening
G 1 1 Custom gamma curve
K Subtract dark frame
T Write 16 bit TIF
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non-parametric Kruskal–Wallis test was applied with differences (P ≤ 0.05) assessed by 
Dunn test with Holm correction.
Spectrometer reflectance  (Rwl) and normalized indices  (VI850,wl =  (R850 −  Rwl)/
(R850 +  Rwl) were computed with reflectance at 850 nm as NIR. Over the 400–1000 nm 
spectrometer range, correlograms drew adjusted  R2 values vs wavelengths for determin-
ing the best ranges for  Cab estimation on the base of reflectance  (Rwl) or normalized indi-
ces  (VI850,wl). Here, both linear and non-linear (quadratic and exponential) functions were 
tested, using single leaf spectra as input.
Results
Comparison between NIR‑camera and spectrometer
All NIR-camera and spectrometer VIs were very highly (P ≤ 0.001) correlated over the 
whole dataset  (R2 > 0.89, number of observations = 1794); goodness-of-fit was slightly bet-
ter both for NDVI and NIRv  (R2 = 0.98) than for GNDVI  (R2 = 0.92). Conversely, Root 
Mean Squared Error (RMSE) was below 0.01 for NDVI and GNDVI, and larger (2.86) 
for NIRv. All indices showed a non-significant intercept and homogenous variances 
between devices (Levene’s P, NDVI, P = 0.88; NIRv, P = 0.67; GNDVI; P = 0.18). The two 
devices also showed non-normal distribution (Shapiro P ≤ 0.001), and similar median and 
min–max ranges for all the three indices (data not shown), despite GNDVI being spread 
over a lower range. The two instruments were also highly correlated (P ≤ 0.001) for all 
indices both within date  (R2 > 0.89; Fig. 1) and within each oak species  (R2 > 0.87). The 
absence of scattered points in the plots outside the regression line indicated that the mean 
of the leaf image was always strictly associated to spectrometer point-measurements cov-
ering about 0.1  cm2. In all species,  R2 values were higher in NIRv (> 0.98), followed by 
NDVI (from 0.95) and GNDVI (from 0.83). At T1,  R2 values above 0.98 were observed 
for NDVI and NIRv in all oak species, while they ranged from 0.90 (QI) to 0.95 (QR) for 
GNDVI (graphs not shown).
NIR‑camera VIs and morpho‑physiological stress indices
At T0, all VIs did not differ among treatments within species (Figs. 2, 3, 4), while at T1, 
control and medium stress generally differed from high water stress (Table 2), and seed-
lings under MS never showed lower values than C in any stocktype (Fig. 2).   
At T1, NDVI in HS was lower than in C and MS in QR and QI stocktypes (except for 
Co-K in QI). In QP, within stocktype, generally, no significant difference was observed 
between HS and C or MS (Fig. 2). For GNDVI, in all stocktypes, the same general picture 
was found only in QR (HS < MS and C). In the other two species, HS differed from C or 
MS only in a few cases (Fig. 3). NIRv results were similar to NDVI, apart more clear dis-
crimination in QR (Fig. 4). Consistency of post-hoc (Tukey HSD or Dunn) tests among 
VIs and morphological and physiological traits at T1 are reported in Table 2, with QR that 
showed the highest consistency among results of different parameters. In this species, VIs 
were consistent with predawn leaf water potential (in all stocktypes) and height increment 
(in 5 out of 6 stocktypes), while in QP and QI this occurred only for some stocktypes. In 
QP, VIs provided the same results in three stocktypes, and in two of them such results were 
in accordance with H increment results. In QI, accordance among VIs did not occur: NDVI 
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matched GNDVI in two cases, while NIRv never matched GNDVI but only NDVI in four 
out of six cases. Excluding QI, correlations between the three VIs, on one hand, and height 
increment, on the other, were significant despite low r values (Table 3).
Chlorophyll content retrieved by spectrometer
Chlorophyll content  (Cab) was not normally distributed (except for MS at T1) and it showed 
higher values (P ≤ 0.001) at T0 than T1 (Fig. 5).  Cab reduction at T1 was significant for all 
treatments and not only, as expected, for HS (HS:  -90%; MS:  -20%; C:  -17% than T1). 
Discolored spectra (i.e.,  Cab < 5 μg  cm−2) were observed only in leaves under high stress 
(52% in total); if discarded, HS  Cab values did not significantly deviate from MS (P > 0.15) 
nor C (P > 0.09). The fraction of discolored leaves differed among species; it was highest in 
QR (78%) followed by QI (48%) and QP (30%).
Fig. 1  NIR-camera versus spectrometer comparison for VIs among species (Quercus spp.) at T0 (water 
stress onset; left) and T1 (maximum water stress; right). Regression line (dashed, in all cases: P ≤ 0.001 and 
non-significant intercept) and 1:1 line (solid) are reported
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The most sensitive spectral ranges to chlorophyll content apart from red-edge were of 
particular interest, since the high  R2 values observed in the red-edge range (around 700 
nm) suffered from the circularity inherent in our  Cab estimation method due to  R705 used 
in  ND705. These were assessed by changes in reflectance (Fig. 6) and by  R2 changes with 
Fig. 2  NDVI boxplots for water stress treatment and stocktypes for Quercus species at T0 (left) and T1 
(right). Water-stress levels: black, C; grey, MS; white, HS. Substrate: Pe = peat, Co = coir. Fertilization: 




wavelengths between  Cab and reflectances or vegetation indices (Fig. 7). Overall, chloro-
phyll reduction was mainly associated with a progressive reflectance increase in the vis-
ible range, in accordance with foliar pigment absorption spectra and PROSPECT radia-
tive transfer model (Jacquemoud and Baret 1990; Ustin and Jacquemoud 2020). In green 
Fig. 3  GNDVI boxplots for water stress treatment and stocktype for Quercus species at T0 (left) and T1 
(right). Same abbreviations and symbols as Fig. 2
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leaves, minimum reflectance variation was observed at 680 nm, where reflectance mark-
edly increased only in strongly damaged leaves, that is when  Cab dropped below 20 μg 
 cm−2 (in QI) or even lower contents for QP and QR, Fig.  6). High responsive regions 
to  Cab reduction covered a wide range from blue-green to red (510–650 nm; P ≤ 0.05 
Fig. 4  NIRv boxplots for water stress treatment and stocktype for Quercus species at T0 (left) and T1 
(right). Same abbreviations and symbols as Fig. 2
New Forests 
1 3
for all wavelengths) with the maximum sensitivity at about 550 nm (Fig.  7); the range 
included both  R550 and  R625 NIR-camera nominal bands. High  R2 values were observed 
Table 2  Consistency among VIs, morphological, and physiological traits in response to water stress levels 
(Tukey HSD or Dunn test)
VIs: NDVI, GNDVI and NIRv by NIR-camera; Height incr (height increment), Fv/Fm (ratio of variable, 
Fv, to maximum, Fm, fluorescence); ѰPDL (predawn leaf water potential). ANOVA (or Kruskal–Wallis) P 
values were reported
ns = not significant for α = 0.05
a HS < C
b MS > HS
c HS > MS
d C > MS
e MS > C
Pe-St Pe-P Pe-K Co-St Co-P Co-K All stocktypes
Q. robur
NDVI < 0.001a < 0.001a < 0.001a < 0.001a < 0.001a < 0.001a < 0.001a
GNDVI < 0.001a < 0.001a < 0.001a < 0.001a < 0.001a < 0.001a < 0.001a
NIRv < 0.001a < 0.001a < 0.001a < 0.001a < 0.001a < 0.001a < 0.001a
Height incr 0.011a 0.013a < 0.001a 0.011a 0.100 ns 0.002a < 0.001a
Fv/Fm 0.613 ns 0.214 ns 0.202 ns 0.006a 0.067 ns < 0.001a < 0.001a
ѰPDL < 0.001a < 0.001a < 0.001a < 0.001a 0.004a < 0.001a < 0.001a
Q. pubescens
NDVI < 0.001a 0.545 ns 0.792 ns 0.008b 0.076 ns 0.305 ns < 0.001a
GNDVI < 0.001a < 0.001a 0.129 ns 0.016b 0.184 ns 0.002c < 0.001a
NIRv < 0.001a < 0.001a 0.150 ns < 0.001a 0.154 ns 0.636 ns < 0.001a
Height incr 0.011a 0.004a 0.471 ns 0.032a 0.003a 0.376 ns < 0.001d
Fv/Fm 0.393 ns 0.116 ns 0.030d 0.861 ns 0.888 ns 0.562 ns 0.069 ns
ѰPDL 0.101 ns < 0.001a < 0.001a 0.473 ns 0.003a 0.022a < 0.001a
Q. ilex
NDVI < 0.001a < 0.001a < 0.001a < 0.001a < 0.001a 0.192 ns < 0.001a
GNDVI 0.675 ns 0.106 ns 0.088 ns 0.007b 0.018a 0.074 ns < 0.001a
NIRv < 0.001a < 0.001a < 0.001a < 0.001a 0.172 ns < 0.006a < 0.001a
Height incr 0.118 ns 0.027a 0.004a 0.006a 0.607 ns 0.359 ns < 0.001d
Fv/Fm 0.002a 0.002a 0.053 ns 0.013b < 0.001a 0.004a < 0.001a
ѰPDL 0.028e 0.028a 0.028a 0.117 ns 0.025a 0.001a < 0.001a
Table 3  Correlation analysis between height increment and VIs at T1 including discolored leaves 
Pearson correlation coefficient (r) and its significance level (*P ≤ 0.05; ***P ≤ 0.001)
Quercus spp. Q. robur Q. ilex Q. pubescens
NDVI versus Height incr 0.31*** 0.43*** 0.20 0.27***
GNDVI versus Height incr 0.24*** 0.35*** 0.03 0.25*
NIRv versus Height incr 0.27*** 0.37*** 0.18 0.26***
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in a narrower spectral range, i.e., in the green-yellow at T0 and the yellow-orange region 
at T1 or T0 + T1 (Fig. 7). Among fitting methods, the exponential function returned the 
best results for  Cab estimation  (R2 > 0.9 over a 100–120 nm-wide shoulder at T1). This 
range stretched from 700 nm to about 600 nm (orange) for reflectance, and further to 583 
nm for VIs (i.e., till yellow with max  R2 at 635 nm in both cases). Quadratic interpola-
tion showed  R2 > 0.9 over a more restricted range outside the red-edge, covering about 70 
nm for VIs (range: 573–638 nm; max  R2 = 0.94 at 603 nm), where reflectance bands also 
showed good  R2 values, with a maximum at 592 nm. Correlograms at T0 (well-watered 
plants) strongly differed in pattern from T1 and T0 + T1 datasets (which included green 
and discolored leaves) under several relevant aspects (Fig. 7). Firstly, at T0, linear inter-
polation fitted the data equally as well as non-linear functions, thus the former should be 
used in absence of discolored leaves. Secondly, VIs showed a marked fall of  R2 (< 0.5) in 
the red range (650–690 nm) with a minimum  R2 at 678 nm, which was also confirmed for 
reflectance-band correlograms. Then, at T0, high  R2 values (> 0.9) were found (both for 
VIs and reflectance bands and besides red-edge) in a narrow 14 nm-wide range (558–572 
nm, green-yellow) with the maximum value  (R2 = 0.91) at 565 nm, blue-shifted by about 
70 nm in respect to the whole dataset. Moreover, the increase in  R2 values due to VI nor-
malization on 850 nm was particularly relevant at T1, when a high variability in  Cab was 
observed. Given the different results between datasets, we further tested the role of HS 
treatment and discolored leaves: removing HS leaves or even only discolored leaves gave 
similar correlograms to T0 without relevant differences between linear and non-linear fit-
ting results (Appendix 1 and 2).
Chlorophyll content retrieved by NIR‑camera
At leaf level, the NIR-camera showed very high  R2 values for  Cab estimation by VIs, 
confirming spectrometer results. The main difference between NDVI and the other two 
indices (GNDVI and NIRv) or between  R625 and  R550 was that a single equation was suf-
ficient to estimate  Cab in the whole dataset for NDVI only (or  R625). For NIRv, GNDVI 
or  R550, it is necessary to discriminate between discolored and non-discolored leaves to 
reliably estimate chlorophyll content. The exponential fitting function for NDVI for 
the entire  Cab variability observed in the whole dataset  (R2 > 0.97, both devices) was 
reported in Fig. 8. Similarly to NDVI, reflectance at 625 nm  (R625) was able to estimate 
Fig. 5  Frequency histogram for chlorophyll content at T0 and T1 (nobs. = 810 and 984 leaves). Discolored 
leaves  (Cab class 0–5 μg  cm−2) were observed only at T1
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chlorophyll content with  R2 of about 0.9 (overall, camera:  Cab = 56.431·EXP(− 0.06·R625), 
 R2 = 0.89; spectrometer:  Cab = 57.355·EXP(− 0.07·R625),  R2 = 0.92). NIR band  (R850) was 
linearly better related to NIRv in green leaves  (R2 = 0.567, n = 1572, intercept = 3.187 
Fig. 6  Right. Spectrometer reflectance for selected wavelengths (filled circle: 550 nm; filled square: 625 
nm; open square: 680 nm; filled triangle: 850 nm). Species: QR = Quercus robur; QP = Q. pubescens; 
QI = Q. ilex. T1 dataset. Left. Average spectrometer reflectance spectra per chlorophyll content class; to 




and slope = 0.702, both P < 0.001) than in discolored leaves  (R2 = 0.188, n = 222, inter-
cept = − 3.69, P = 0.073; slope = 0.228, P < 0.001). For the other two VIS (NDVI and 
GNDVI) these relations were nil  (R2 values below 0.003). NIR band was poorly related 
to  Cab (overall, camera:  R2 < 0.32; spectrometer:  R2 < 0.20); correlation further dropped 
 (R2 < 0.001) within leaf-type group (i.e., discolored and non-discolored). NIR reflectance 
was higher in discolored (median, IQR = 69, 57–73) than in green (median, IQR = 51, 
43–54) leaves.  R550 (Green band) estimated worse than GNDVI (Fig. 8) chlorophyll con-
tent both in green leaves  (Cab = − 1.6234·R550 + 62.954,  R2 = 0.64) and discolored leaves 
 (Cab = − 0.0493·R550 + 3.8213,  R2 = 0.46). Both GNDVI and  R550 showed different equa-
tions between discolored and green leaves; the two leaf-types had markedly different slopes 
(P ≤ 0.05), resulting in a large overlap that limited their general use.
Discussion
VIs comparison between NIR‑camera and spectrometer
The simplicity in the use of a NIR camera—being identical to a common RGB camera 
from the operative point of view—might offer several applications in the field of plant 
monitoring and forest restoration. The highly comparable results between the NIR-cam-
era and spectrometer VIs were mainly due to a correct determination of leaf reflectance 
by tracking the subtle differences in illumination using a white reference. In fact, Nebiker 
et al. (2016) found with the same NIR-camera a low agreement between spectrometer and 
image NDVIs without calibration, while high correlations in comparing similar devices 
Fig. 7  Correlograms for estimating chlorophyll content  (Cab ≥ 0) by single reflectance bands,  Rwl (above), 
or normalized vegetation indices on 850 nm,  VI850,wl =  (R850 −  Rwl)/(R850 +  Rwl) (below). Datasets: before 
water stress: T0; maximum water stress: T1; overall: T0 + T1. Fitting equation: exponential (bold line); 
quadratic (solid line); linear (dashed line). Vertical dashed lines at nominal NIR-camera bands  (R550,  R625 
and  R850); nobs. = 810 (T0) and 984 (T1) leaves
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were reported only with a proper white reference (Di Gennaro et al. 2018; Chianucci et al. 
2019). The high goodness-of-fit also held by UAV at the canopy scale over crops (Di Gen-
naro et  al. 2018), grasslands (Von Bueren et  al. 2015) or forests (Weil et  al. 2017). Our 
choice to take measurements at midday under clear-sky and high-sun elevation conditions 
(early-summer) on leaves acclimated to high irradiance might have strongly contributed to 
the high correlation found between the two devices, confirming leaf scale results observed 
by Putra and Soni (2017) for NDVI and the better results obtained at high-irradiance than 
under diffuse light in four broadleaf tree species (Chianucci et  al. 2019). Even though a 
higher camera signal-to-noise ratio was achieved at high irradiance (Granados et al. 2010), 
leaf acclimation to the measuring light conditions was also an important aspect. A sig-
nificant change in reflectance was observed above 300 μmol  m−2  s−1 photosynthetic active 
radiation (Wada 2016) and acclimation required more than 30 min for dark to light transi-
tion (or vice versa; Dutta et al. 2017). Thus, it is advisable to take measurements under a 
similar light environment to that experienced by the leaves (better under saturating light) 
or to complete acquisitions within a few seconds. Moreover, different view/illumination 
geometries might result in reflection differences among bands due to leaf anisotropy and 
bidirectional optical properties (BRDF) (Combes et al. 2007). Nevertheless, within a 45° 
incidence angle, similar reflectance values were observed between nadir and backscatter 
mode, as in NIR-camera and spectrometer setup (Combes et al. 2007; Biliouris et al. 2009).
Fig. 8  Whole dataset; chlorophyll content  (Cab), and vegetation indices relationships (above: filled black 
circle, NDVI; filled triangle, GNDVI; below: filled grey circle, NIRv) by VIS/NIR spectrometer (left) and 
NIR-camera (right); nobs = 1794 leaves. Note that GNDVI and NIRv had a different linear equation for dis-
colored leaves  (Cab < 5 μg  cm−2)
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Consistency between NIR‑camera VIs and morpho‑physiological stress indices
Substrate and fertilization introduced a further source of variability in our sample (Mari-
otti et al. 2020), which has been useful to test the concordance between NIR-camera VIs 
and ecophysiological indices, which traced the complex plant responses to drought (e.g., 
Chaves et al. 2003; Gupta et al. 2020). Among the studied oak species, differences existed 
in the strategies adopted to face water shortages, balance water uptakes with losses, control 
growth, and promote survival (Gil-Pelegrín et al. 2017). Q. robur was the most vulnerable 
to drought, preferring temperate climates without a dry season (Ducousso and Bordacs 
2004; Mölder et al. 2019; Bert et al. 2020), while the other two oaks (Q. pubescens and Q. 
ilex)—having both a high tolerance to drought—were mainly found in sub-arid Mediter-
ranean regions (e.g., Gil-Pelegrín et al. 2017).
The morpho-physiological stress indices used in this study were useful to describe 
both water stress severity and how the plants responded to drought. Height growth rap-
idly sensed water deficits (Arend et al. 2011), especially in the two deciduous species, Q. 
robur and Q. pubescens; the slight positive relationship between VIs and height increment 
observed in both species could be linked both to the short experimental period (two weeks) 
compared to vegetative season and to the semi-determinate growth pattern of these oak 
species with recurrent shoot flushes (Collet and Frochot 1996; Mariotti et al. 2015). Such 
a pattern alternates single flush elongation periods with growth stasis; thus, during a two-
week timespan, some seedlings might have been in a stage of growth stasis regardless of 
water regimes, and this might have affected the strength of the correlation response. In Q. 
ilex, this relationship was not significant, suggesting a higher tolerance and different strat-
egy to face drought. Similarly, drought reduced light-saturated rate of photosynthetic car-
bon uptake and stomatal conductance more in QR and QP than in QI (Cocozza et al. 2020). 
A significant interaction effect between these oak species and drought, as well with other 
stressors, such as ozone, was observed by Hoshika et al. (2018) and Cotrozzi et al. (2016), 
indicating different strategies among the three species.
A reduction of ѰPDL under severe stress was found in all species and stocktypes except 
for standard fertilization for both substrates in Q. pubescens and Q. ilex, suggesting that 
only these latter species effectively limited transpiration at the cost of a reduction in leaf 
VIs (and thus chlorophyll content). In Q. pubescens and Q. ilex, Fv/Fm (an absolute meas-
ure of PSII photosynthetic efficiency) was found to drop only at a predawn leaf water poten-
tial below  -4 MPa (Tognetti et al. 1998) showing a marked daily course even at lower ѰPDL 
values (Méthy et al. 1996). Low Fv/Fm values might reflect either the presence of photo-
damage to the photosynthetic apparatus due to the scavenging of impaired reactive oxygen 
species (ROS) or the capability of the leaf to adopt a long-lasting photoprotected state, 
when the level of light and stress exceeded the capacity to utilize photosynthates (Demmig-
Adams et al. 2012; Noctor et al. 2018). Moreover, in response to drought, both Q. ilex and 
Q. pubescens had an additional defense mechanism to high light decreasing NDVI (and 
thus chlorophyll content) in leaves; a phenomenon we found more marked in Q. ilex than 
Q. pubescens. As expected, Q. robur was strongly vulnerable to severe drought, showing 
a larger reduction in growth, ѰPDL and Fv/Fm, together with changes in VIs consistent to 
paler leaves in functional (‘green’) leaves. These traits were accompanied by complete leaf 
desiccation for about two-thirds of the leaves. Leaf mortality, which is commonly observed 
in this species under drought, has been related to hydraulic failure and its vulnerability to 
xylem embolism (the highest among the three species; see Lobo et al. 2018).
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The absence of a significant effect on growth, VIs, and ecophysiological indices (in all 
species and stocktypes) with water availability halved compared to field capacity (i.e., in 
MS) should pave the way to a more sustainable water-resource use when growing these oak 
species in nurseries, in line with setting research-based best-management practices to mini-
mize water needs as suggested in Majsztrik et al. (2017) review.
Chlorophyll content and optical devices
Chlorophyll content might accurately be retrieved in situ by 705 nm and 750 nm normal-
ized difference index  (ND705), where the red-edge band sensed the chlorophyll signal (Sims 
and Gamon 2002) and the NIR band acts as a reference, since it was not influenced by pig-
ment effects (Féret et al. 2008). The choice of  ND705 over other formulations (see Jacque-
moud and Ustin 2019 for a detailed list) was driven by the ample Féret et al. (2011) dataset, 
which allowed to retrieve an empirical, yet robust, equation to estimate chlorophyll content. 
Recently, a strong and linear relationship between  ND705 and chlorophyll concentration 
(weight/weight) was also reported (Lin et al. 2013).
Our results showed that  Cab might be estimated by almost every visible wavelength 
(above 450 nm), while near-infrared bands were insensitive to chlorophyll content, as NIR 
reflectance was mainly related to leaf thickness or structure (Féret et al. 2008). Reflectance 
at 850 nm is moderately related to anatomical leaf parameters both within (as in Q.ilex; 
Ourcival et al. 1999) and among species, driven by the ratio of mesophyll cell surface to 
intercellular air spaces (Knapp and Carter 1998; Serrano 2008). With season and drought, 
we observed an increase in reflectance at 850 nm, amounting to 10% for season in well-
watered conditions (C + MS) and to + 12% for severe stress (HS respect to the control) at 
T1. The high  R850 observed under severe stress was due to the presence of discolored leaves 
(+ 23% respect to control) indicating a relevant change in leaf structure; when excluded, 
the difference respect to control was negligible (0.3%). Consequently,  R850 increase (rela-
tive to the control) was consistent in HS with discolored-leaf fraction in crown (and visual 
perception of plant status) for the three species. Normalization with reflectance at 850 nm 
improved chlorophyll estimate not only under well-watered conditions but also under all 
conditions that did not include discolored leaves, indicating a residual effect of leaf struc-
ture in the estimate of  Cab, which is only partly captured by reflectance at 750 nm.
In this study, NDVI (obtained by 850 nm and 625 nm reflectances) covered nearly the 
full range of values from 0.04 to 0.96—close to its theoretical values of 0 and 1. Remark-
ably, the first logarithmic relation between leaf reflectance and total chlorophyll content 
included reflectance at 625 nm (Benedict and Swidler 1961; Jacquemoud and Ustin 2019). 
Spectrometer and NIR-camera NDVI, GNDVI, and NIRv were highly correlated with chlo-
rophyll content (NDVI,  R2 = 0.94; GNDVI,  R2 = 0.72, NIRv,  R2 = 0.97), and although few 
studies compared camera VIs with chlorophyll content, high goodness-of-fit was found for 
a temperate forest  (R2 = 0.73; Yang et al. 2017) or at leaf scale  (R2 from 0.82 to 0.93; Hosoi 
et al. 2019,  R2 = 0.94; Chung et al. 2018) with NIR smartphone cameras. Between NDVI 
and GNDVI or NIRv, the former was a better estimator of  Cab, as the latter two were unable 
to reliably estimate chlorophyll content in the presence of discolored leaves. Nevertheless, 
when only ‘green’ (that is, ‘not discolored’) leaves were taken into account GNDVI and 
NIRv performed comparably to NDVI, pointing out the importance of discolored leaves 
and how to treat them statistically. Accounting for their presence and incidence might 
be useful to classify water stress intensity and species responses. Moreover, discolored-
leaf reflectance spectra might be used as end-members for modeling or up-scaling stress 
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detection to canopy or broader spatial scales. At satellite scale, reflectance at 625 nm was 
included in WorldView-3 (and WorldView-2) yellow band, ranging from 585 (589) nm to 
625 (627) nm (spatial resolution below 2 m; Updike and Comp 2010; Kuester 2016) and 
showing similar results to the red-edge spectral band (Sibanda et al. 2017). We confirmed 
the strong relationship to chlorophyll content for WorldView yellow-band nominal spec-
tral-interval, placed next to the 583 nm wavelength, where we found the best  R2 between 
chlorophyll content and VIs normalized with NIR reflectance at 850 nm. Our results were 
corroborated by several applications of the WorldView yellow band in forestry, from tree 
species classification (Immitzer et  al. 2012; He et  al. 2019) to invasive grass detection 
(Marshall et al. 2012), also by normalized indices (Wolf 2012) and chlorophyll estimation 
(Lin 2018; Lin and Lin 2019).
Conclusions
According to our results, the use of an affordable NIR-camera might offer a promising and 
reliable approach, for the following points:
• to detect vegetation indices (NDVI, GNDVI and NIRv) with results highly compara-
ble to a narrowband VIS/NIR spectrometer (following a simple protocol during image 
acquisition, i.e., calibration and standard geometry);
• to estimate chlorophyll content with a very high goodness-of-fit by VIs or reflectance 
bands in the visible range. For general purposes, NDVI performed better than GNDVI 
and NIRv; vegetation indices performed better than the single reflectance bands. 
NDVI reliably fitted  Cab for the full range of variation given by species, stocktypes and 
drought stresses. Promising results were observed for GNDVI and NIRv, when dis-
colored leaves were excluded from sample.
• to help in drought-stress early-monitoring in oak seedlings, quantifying water stress 
occurring over a brief period. Even if the physiological responses of three oak spe-
cies to drought were different, more negative predawn leaf water potential values were 
related to a reduction of all VIs (and thus chlorophyll content).
In conclusion, NIR-camera imagery might be applied to drought-stress early-monitoring 
in oak seedlings, saplings, or small trees in the post-planting phase or in nursery condi-
tions. This approach offers a strongly reliable alternative to data collection where costs 
and ease of use ae crucial, such as in the context of restoration programs where available 
financing is usually limited. However, it would be advisable to test a larger set of condi-
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Fig. 9  Correlograms for  Cab ≥ 5 μg  cm−2 (i.e., discolored measurements excluded). Single reflectance 
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